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Abstract
Effective landﬁll management and operation require an accurate evaluation of the occurrence and extent of odour 
emission events, which are among the main causes of resident complaints and concerns, in particular in densely
urbanised areas. This paper proposes a Fuzzy Optimal Protection System (FOPS) based on fuzzy logic to manage
odour production from a Municipal Solid Waste (MSW) landfill. The case study is a MSW landfill in an old quarry
site located 6 km north-west of Naples city centre (Italy). The aim is to reduce the odour nuisance in the area
surrounding the landfill where there are several sensitive receptors. FOPS is based on logical relationships between
local atmospheric dynamics, number and intensity of odour pollution events detected by certain fixed receptors
and odour emission rate via an optimal fuzzy approach. Such system allows to start, in real time, established
mitigation actions required to further reduce the odorous emissions from the landfill itself (e.g., spraying of
perfumed substances, activation of extraction wells, etc.), especially when weather conditions might not be
favourable and cause a higher odour perception. The fuzzy system was coupled with the air pollutant transport
software CALPUFF to simulate the odour dispersion in the considered area taking into account both different
odour emission rates and local weather conditions. FOPS results show that this approach can be very useful as, by
measuring the odour concentrations, a significant reduction of the odour exceedances over the thresholds fixed, to
minimise the olfactory harassment, was observed in the whole area studied.
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21. Introduction
All waste treatment and disposal facilities are potential sources of odours. Odours associated with waste landfills
are listed among the most aggressive for human perception and consequently the most troublesome (Aatamila et
al. 2010; De Feo,et al. 2013). They are primarily due to the biological and chemical decomposition processes
taking place in the landfilled waste mass, but can be also originated from a site operational and waste management
activities occurring both before and after waste burying (Fang et al. 2013; Lou et al. 2015). In particular, odour
emissions in a waste landfill are associated to those areas where waste is not covered, such as where waste is
delivered and moved, to the delays in burying the waste masses, to the trenching into covered waste to install bio-
gas collection pipework and the low effectiveness of the bio-gas extraction system, as well as, the recirculation of
the landfill leachate (U.S.EPA 1995a; EPA-Ireland 2000, Brattoli et al., 2011).
Odours and gas emissions can be formed by a single chemical compound such as hydrogen sulphide (H2S) or more
frequently by a complex mixture of organic compounds (Young and Parker 1983; Chianese et al. 2015). These are
dispersed in air either as a gas or as small particles spread in the atmosphere as discrete compounds or attached to
other particulate (Fabbri et al. 2014). In addition, odorous emissions can change continuously flow rate and
concentration and might be characterised by alternation of long or short periods of high and low emissions, also
depending on meteorological conditions (Drew et al. 2007). Continuous releases of low concentration odours can
be as unpleasant as intermittent releases of odours at high concentrations, in terms of nuisance for the population,
because cumulative effects of annoyance events are possible over an extended time exposure (Daskalopoulos et
al. 1997; Meišutovič-Akhtarieva and Marčiulaitienė, 2017).  
Since odour emissions, generated by a solid waste landfill, are multi source and strongly dependent on the local
weather conditions, the consequent annoyance is difficult to predict. Therefore, an effective way to control the
odour impact could be a direct intervention on all potential odour emission sources in the landfill, aimed at reducing
the odour emission rates. In this way it is also possible to limit the extent of the offsite odour diffusion related to
air transport, and indirectly prevent the exposure of potential sensitive receptors.(U.S.EPA 1995a, b).
In this context, the application of design and management of mitigation measures can reduce the diffusion of
odours and the associated risk. Some mitigation measures might be a fast burying of waste, increasing the thickness
of cover materials, improving the efficiency of the gas management system, using bio-filters or odour neutralising
techniques, etc. (Chung et al. 2007; Chen et al. 2009; Erto et al. 2009; Karatza et al. 2010).
In the last few years the scientific community has focused their attention on coupling waste disposals management
with appropriate Decision Support Systems (DSS), such as fuzzy systems. DSS have high potential to manage
complex models where the amount of input and output data could not be analytically captured or controlled with
conventional sense (Dokas and Panagiotakopoulos 2006; Dokas et al. 2009; Zhang and Huang 2010; Fan et al.
2014). In particular, some authors have applied fuzzy logic to solve problems arising from waste landfill emissions
with a multi-criteria approach (Akbari et al. 2008; Singh and Vidyarthi 2008; Chang and Lin 2013). Some others
have proposed a Landﬁll Operation Management Advisor based on different approaches and technologies (fault 
tree analysis, fuzzy expert systems and Worldwide Web) to provide assistance to landﬁll managers facing 
operational problems (Dokas et al. 2008, 2009). In addition, a fuzzy logic approach was also used to define the
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air pollution abatement strategy under uncertainty (Li et al. 2008).
Furthermore, systems based on fuzzy logic can be very effective in nonlinear models and be a valid support where
heuristic rules have to be considered (Di Nardo et al. 2013a, b).
In this paper, an optimal fuzzy logic system, called Fuzzy Optimal Protection System (FOPS), is proposed. The
aim is to simulate a real time decision making system able to suggest the activation of some odorous emission
mitigation actions, when it is needed, based on local meteorological input data. For this purpose a MSW landfill
located in an area located north of Naples (Italy) was examined as case study and in particular three Sensitive
Odour Receptors (SORs) were considered. These are located respectively north-east (NE), north-west (NW) and
west-west-south (WWS) of the landfill, with a distance ranging from 800m to 1.500m. For these receptors the
odour concentrations were hourly evaluated and compared with two Odour Thresholds (OT) describing odour
annoyance and nuisance at the receptors exposed. The number of threshold exceedances for each receptor was
evaluated with and without using the FOPS system: this demonstrated that the application of FOPS allows for a
further reduction of both number and extent of exceedances.
2. Material and Methods
FOPS system can assess in real time the necessary reduction of odorous emission from a landfill, obtained via
using mitigation actions (e.g. activation of the extraction systems for the biogas and/or of the nebulisation systems).
In this way, it is possible to cope with annoying odours also when severe adverse weather conditions occur.
A simplified scheme of FOPS is reported in Fig. 1. As shown, if the odour plume does not affect the target, FOPS
is not enabled (Fig. 1a); on the contrary if the target is affected by the odour plume, FOPS is enabled (Fig. 1b) and
the odour emission radically reduced.
Fig. 1 FOPS operation condition: (a) non-active status; (b) active status
A preliminary version of FOPS, called Smart Fuzzy System (SFS), was presented by Di Nardo et al. (2013b).
Specifically, in FOPS, the fuzzy inference is significantly improved via an optimization of the fuzzy rule system,
in this way increasing the risk mitigation from odour exposures for the population in the area surrounding the
landfill (Wang and Huang 2013, 2015). The proposed procedure was implemented in a MATLAB framework by
coupling the FUZZY LOGIC toolbox and the OPTIMIZATION Toolbox (The MathWorks Inc. 2004a , 2004b).
Starting from 13 rules based on human expertise, the input variables of FOPS were defined via optimizing multiple
“membership functions” as input and the individuated mitigation actions for landfills as output. A Genetic
Algorithm (GA) was used as optimization algorithm; specifically, in order to preserve the physical importance of
all the parameters considered, some constraints in GA were adopted. Finally, CALPUFF software, in which a
dispersion puff model is implemented (U.S.EPA 1995c; Scire et al. 2000), was used to predict the odorous emission
4exposure over time in some defined targets, defined Sensitive Receptors, as already proposed in other studies
(Hriberšek et al. 2011).
2.1 Optimal Early Warning Fuzzy System
Fuzzy systems are built on the fuzzy logic theory and provide a rigorous framework to represent non-crisp
situations and to examine problems with uncertainty and non-linearity (Dubois and Prade 1980). The fuzzy
approach allows for high flexibility and effectiveness, as it is possible to combine several rules simultaneously.
These systems can be utilised for many different applications, including process control, decision-making,
scheduling, prediction and estimation (Shill et al. 2012).
The fuzzy system is traditionally represented via four main steps (Fig. 2). The first step is called Fuzzification,
which consists in transforming the numeric input data (crisp) into linguistic values by assigning a fuzzy set
(linguistic variables) expressed via verbal phrases (e.g. “Very Good”, “Bad”, etc.). The individual elements of the
set are labelled via Memberships Functions (MFs). The MFs can have several shapes, which influence differently
the "weighting" of the input values in the range of definition. Consequently these values are processed in the fuzzy
domain by the Inference algorithm. The Inference is the engine of the system; in which the decision-making is
refined as fuzzy output according to a rule base provided by the Knowledge Base (KB) (Di Nardo et al. 2013b).
The rules are provided as IF-THEN control rules and fuzzy logic operators (AND or OR). The IF-THEN rules link
to an antecedent part (i.e. IF) containing several preconditions and a consequent part (i.e. THEN) describing the
output action. Finally, the crisp output values are determined via the Defuzzification process, which translates the
inference process conclusions into numerical values, providing a basis for the decision-making (Khalsa 2009).
In Fig. 2 the phases considered to optimize the Fuzzy Optimal Protection System (FOPS) are shown, where the
input variables affecting the System and the odour dispersion phenomena to a greater extent are also specified.
Fig. 2 Optimal FOPS Scheme with a description of input (Wind Speed, Time Derivative Velocity, Wind Direction)
and output variable (Odour Emission Rate) and the corresponding sets of linguistic attribute (P1, P2, P3 and C1)
The type of fuzzy Inference System implemented was the Sugeno-type (Sugeno 1985), which was obtained by
using the following l-th fuzzy rule R, where l=1,… 13 rules:
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in which:
- RUx ii ⊂∈ are the physical measures affecting the dispersion of pollutants in the atmosphere,
specifically x1= Wind Speed (WS), x2= Time Derivative of Velocity (TDV) and x3= Wind Direction
(WD);
- ilP )( is the fuzzy set considered, which was referred to the i-th input linguistic variable, where i=1,…,3,
each at different levels. Specifically, P1={Weak, Normal, Strong}, P2={Low, Zero, High}, P3={North,
North-East (N-E), East, South-East (S-E), South, South-West (S-W), West, North-West (N-W)};
5- RSy ⊂∈ is the output linguistic variable. This output variable allows to hourly reduce the odorous
emissions via activating one or more of the expedients presented in the previous section. In particular, y
is a multiplier (crisp value) of the l-th rule, while l=1, …,4 is the Sugeno output set (Sugeno 1985) in
which a singleton membership function can be equal to C1={Normal, Bad, Very Bad}. C1 elements
correspond, respectively, to the following odour emission rates: Normal=8 o.u./m2s, Bad=4 o.u./m2s,
Very Bad=2 o.u./m2s.
In this way, a possible decision rules system can be written as follows:
( ) )(isisis: CBadCTHENWNWDANDhighTDVANDnormalWSIFR l =− (2)
The rule represented in Equation (2) explains a situation where the “Wind Speed, WS” is “Normal, N”, the “Time
Derivative of Velocity, TDV” is “High, H” and the “Wind Direction, WD” is “North-West, N-W”, then the odour
“Concentration, C” is considered “Bad” and consequently the output emission rate is equal to 4 o.u./m2s.
The number of rules and MFs must reasonably be small, although, as reported in Panigrahi and Mujumdar (2000)
by increasing them, a greater accuracy can be obtained but, as a consequence, the dimensionality of the
optimization problems can significantly increase. This balancing between rules and MFs is essential to develop an
effective fuzzy decision system. Starting from statistical data, multiple ways can be followed to build an optimal
fuzzy system, which can be based on stochastic approach, neural clustering or heuristically from expert knowledge
(Cavallo et al. 2013). In addition, more input linguistic variables and fuzzy sets could be adopted. In the present
paper case study, the most important variables and sets were chosen and modelled also in compliance with the
available data.
The rules and the shapes of the Membership Functions (MFs) chosen are reported in Table 1 and Fig. 3,
respectively. The values of wind speed reported in Figure 3a are normalized used as Gaussian variable.
Table 1 System of fuzzy rules: P1, P2, P3 and C1 are the set of linguist attributes of Wind Speed, Time Derivative
of Velocity, Wind Direction and Odour Emission Rate respectively.
Fig. 3 Optimized Membership Functions of FOPS: (a) Wind Speed (WS); (b) Time Derivative of the Velocity
(TDV); (c) Wind Direction (WD)
A first choice of the rule Inference system and the MFs shape were defined empirically via a “trial and error”
simulation method, starting from previous preliminary results obtained by using an empirical knowledge of the
problem (Di Nardo et al. 2013b). In order to improve the heuristic strategy adopted, the optimization was achieved
for 11 αi parameters of the input MFs (without the optimization of the fuzzy set P3) with a Genetic Algorithm
(Goldberg 1989; Qin et al. 2010). Specifically, all the considered variables (both input and output) are described
in the following:
• the Wind Speed was inserted d in the input fuzzy set called P1, by considering three possible intensities
(“Weak”, “Normal” and “Strong”) of MFs, six parameters αi for i=1…6, two for each MF respectively
(the two parameters for each intensity correspond to the mean and the variance of the curves adopted);
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three possible intensities of MFs: “Low”, “High” and “Zero”. “Low” and “High” depend on four
parameters αi for i=7…10 (the two parameters correspond to the mean and the variance of the MFs curves
adopted), and “Zero”, depends on a single α11 parameter (its centre is fixed to the value 0, only the variance
is considered as a parameter);
Starting from the rule set shown in Table 1, the optimization, carried out with GA, provided as input the MFs
showed in Fig. 3a, 3b and 3c.
In order to preserve a linguistic meaning of the fuzzy rules, it was chosen to adopt a constrained optimization
(Cavallo et al. 2013) as presented in Table 1 (where for example, to constrain all variables and to avoid that a MF
labelled “High” comes “before” (i.e., it is associated to smaller numerical values), a MF labelled “Low” was
necessary). Consequently some upper and lower bounds (based on the available meteorological data) were imposed
to the following αi parameters, describing the MFs of the P1 and P2 input fuzzy sets: -10≤α1≤10, -10≤α2≤10,  
0.1≤α3≤5,  -1≤α4≤0,  -10≤α5≤10, -10≤α6≤10, -1≤α7≤1, -1≤α8≤1, -1≤α9≤1, -1≤α10≤1. 0.1≤α11≤1. 
In this way, the linguistic meaning of the fuzzy rules is preserved as each attribute of the fuzzy set is different from
the others and there are no numerical overlaps between the sets. It is worth highlighting that the choice of the
values to assign to the bounds required a trial and error approach (Cavallo et al. 2013), with a consequential
optimization.
The optimization was achieved by minimising the Multi Objective Function (MOF) written as follows (Eq. 3):
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where CFOPS and Ccost are the olfactory concentrations, both computed via CALPUFF (described in Paragraph 3).
CFOPS was obtained by considering the odour emission factors obtained with FOPS, while Ccost by considering an
emission constantly equal to 8 o.u./m2s (Sironi et al. 2005), which corresponds to a landfill average emission
without any mitigation action applied. Furthermore, two integer weights (k1=2 and k2=1) were used to balance the
two terms of MOF and to avoid the optimization of only one element. Finally, Ia represents the activation index
equal to (Eq. 4):
h
a
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where Na is the number of FOPS system activations (the number of times in which FOPS operates with an odour
reduction by adopting one or more mitigation actions) and Nh is the total number of hours in the time simulation
period.
It is worth observing that, with the use of the two integer weights (k1 and k2) to balance the two addends of the
MOF assumptions (Eq. 3), it is possible to normalize the terms of MOF using, consequently, the approach known
as the “scalarization” or “weighted-sum” method that, as reported in Caramia and Dell’Olmo (2008) allows to
define, starting from the multiobjective optimization problem, a unique objective function composed by two or
more functions.
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crossover percentage equal to Pcross=0.8.
In order to evaluate the effectiveness of the FOPS system, a reduction Index, Ir, was also calculated as in (Eq. 5):
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2.3. Odour dispersion model
Odorous substances are considered as atmospheric pollutants. Therefore their transport in the atmosphere can be
described via deterministic models modelling air pollutants dispersion (Hobbs et al. 2000). In the present study,
odour transport in the area surrounding a MSW landfill was modelled by using CALPUFF (Scire et al. 2000). Such
software allows simulating a puff transport emitted from one or more sources , in a non-steady-state Gaussian puff
modelling system, also considering dispersion and reaction processes occurring during the puff transport itself
(Poor et al. 2006). The equation used for the contribution of a puff at a defined receptor, which is also the main
CALPUFF formulation, is written as (Eq. 6):
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Where:
C is the ground level concentration expressed in g/m3;
Q is the mass of pollutant;
σx and σy are the standard deviation in m of the Gaussian distribution in the along-wind direction and in the cross-
wind direction, respectively;
da and dc are the distance from the puff centre to the receptor in the along-wind direction and in the cross wind
direction, respectively.
The term g is the vertical term of the Gaussian equation described as follows (Eq. 7):
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In (Eq.7), He is the actual height above the ground of the puff centre and h is the mixed-layer height and σz is the
standard deviation in m of the Gaussian distribution in the vertical direction. The outline in the vertical term g
accounts for multiple reflections off mixing lid and ground. In order to predict the odour air dispersion, the local
meteorological information of the area is needed. The assumptions made for this latter are reported in the Case
study- section.
3. Case study
The FOPS system was applied to a MSW landfill located in an old quarry site named “Cava del Cane”, in Naples
(Italy). The quarry falls within the perimeter of the restricted territory of the “Chiaia’s Forest - Selva di Chiaia”,
8which is one of the areas of the Metropolitan Park of Naples Hills and includes over 2,215 acres of farmlands and
natural areas in Northwest Naples. The position of the quarry is represented in Fig. 4. It has a surface of 12,450
m2 with a height of approximately 25 m (Bortone et al. 2012).
As depicted in Fig. 4, the area around the landfill is densely urbanised, and several sensitive receptors such as
villages, schools, hospitals, leisure and sports centres are located nearby. In particular, three Sensitive Odour
Receptors (SORs) were identified in the area of interest for their proximity to the landfill and the risk exposure to
odours, called SOR-1:“Monaldi” hospital; SOR-2:“Marano” school; and SOR-3:“Kennedy” sports complex.
These are respectively at 800 m, 1,300 m and 1,500 m from the landfill (Fig. 4).
Fig. 4 Case-study area with landfill and Sensitive Odour Receptors (SORs) positioning
In order to model the odour emissions distribution from the landfill, two hypotheses were assumed: a) the emission
source was placed in the centre of the landfill; and b) the emissive surface was set conservatively equal to the total
area of the landfill.
The flow rate of odorous substances was modelled as in a landfill ordinary conditions, which correspond to a
constant emission factor equal to 8 o.u./m2s (Sironi et al. 2005). The meteorological data of the monitoring station
called AM 289-Capodichino of the year 2007 were used as input conditions. In particular, they included hourly
values of the wind direction, the wind speed, the temperature, the stability classes and the mixing heights.
Specifically, the meteorological data set was provided to CALPUFF in ISCST3 data format, as suggested by
Trinity Consultants Incorporated (1996).
In addition, two odour concentrations equal respectively to 1.5 o.u./m3 and 3.0 o.u./m3 on the 98th percentile hourly
basis (Environment Agency UK 2002), were considered as a reference Odour Thresholds (OTs) for the assessment
of odour dispersion from the landfill, called respectively OT1 and OT2, and the Number Of Exceedances (NOEs)
over the two thresholds considered were also valuated.
To optimize the FOPS, the first quarter (i.e. first three months of year 2007) of the meteorological data was chosen
as “training data” input set, while the remaining quarters as “validation data” input set.
4. Results
For each SOR, NOEs over the two considered thresholds (OTs) were computed both for the emission rates
controlled by FOPS and by considering emission rates without applying any mitigation actions. In addition, the
concentrations at the 95th and 98th percentile were also reported. The results obtained are presented in Tables 2, 3,
and 4 for SOR-1, SOR-2 and SOR-3, respectively. As shown in them, most of the odour concentrations obtained
exceeded both 1.5 o.u./m3 (OT1) and 3.0 o.u./m3 (OT2) thresholds. Moreover, the concentration at the 98th
percentile was always above OT1 and, for the SOR-3, also above OT2. From Tables 2-4 it is possible to observe
that the FOPS system allowed for a considerable reduction of NOEs in all the sensitive receptors. In particular, for
the 1.5 o.u./m3 threshold (OT1), the NOEs decreased by about 97% in SOR-1, about 96% in SOR-2 and about
51% in SOR-3. Moreover, after the application of FOPS, there were no NOEs in SOR-1 nor SOR-2 for the
threshold 3.0 o.u./m3 (OT2), while a decrease of about 90% in SOR-3 was observed.
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were significantly lower than OT1 by using FOPS (results obtained both at the 98th and at the 95th percentile).
While, as illustrated in Table 4, SOR-3 is the sensitive centre with the highest NOEs, consequently it resulted to
be more exposed to the smell harassment, also because it is the closest point to the emissive source. Although the
FOPS system allowed for a significant reduction of the total NOEs, the concentrations at the 98th percentile and at
the 95th percentile are not always lower than the thresholds considered. In the last quarter of the validation set,
instead, the concentrations at the 95th percentile obtained were lower than the 1.5 o.u./m3 threshold (OT1).
Table 2 SOR-1 results both in case of active fuzzy controller (FOPS) and without it (CCost )
Table 3 SOR-2 results both in case of active fuzzy controller (FOPS) and without it (CCost)
Table 4 SOR-3 results both in case of active fuzzy controller (FOPS) and without it (CCost)
Table 5 Reduction index (Ir) and activation index (Ia) for the three SORs
In addition, the odour concentrations obtained over time computed via CALPUFF software simulations were also
compared with the odour concentration values obtained by using ISCST3-BREEZE model, which was utilized in
a previous study (Di Nardo et al. 2013b). Such comparison showed higher values in the computational domain via
using CALPUFF.
Finally, a further evaluation was carried out by comparing simulation results exceeding OT1 obtained with and
without using the active fuzzy system for each SOR. For this purpose statistical box plots for a more effective
representation of the statistical data were utilised whose results are presented in Figures 5-7. In particular, for each
month, the odorous concentrations were analysed statistically, reporting the values of: the mean, the median, and
the 5th, 25th, 75th and 95th percentiles of the odour concentrations computed during the whole simulation interval
time and the corresponding NOEs. For each SOR, data were reported both by activating the proposed active fuzzy
controller application (FOPS) and as raw data, allowing a more direct and useful analysis.
In Fig. 5, the simulations results for SOR-1 for the whole year 2007, by comparing the mean values of odour
concentrations obtained both with FOPS and without (Fig.5a and Fig. 5b, respectively) are represented. As shown,
an overall significant reduction of all monthly mean values can be depicted when using the fuzzy system. In
particular, the maximum values in the figures is the odour mean in April (4th month), where with FOPS a decrement
from 2.44 o.u./m3 (Fig. 5a) to 1.62 o.u./m3 (Fig. 5b) was observed. It is worth underlining that in some cases, as
reported in the Fig. 5b, no exceedances occurred in some months (i.e., January, February, May, June, July and
December), while in other months, such as March (1 NOE), April (1 NOE), August (1 NOE), September (2 NOEs)
and November (2 NOEs), NOEs are always lower than three and the box plots indicate only mean value of odorous
concentrations. As displayed, for SOR-1, only October exceeded OT1 for three times, consequently it is
demonstrated a significant influence of FOPS in NOEs reduction (Fig. 5b).
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Fig. 5 (a) Box plot of the odour concentrations for SOR-1 without FOPS. (b) Box plot of the odour concentrations
for SOR-1 with FOPS. For each box plot, the mean, the median, and the 5th, 25th, 75th and 95th percentiles of the
odour concentrations computed during the whole simulation interval time and the corresponding NOEs are
reported
In Fig. 6, the same comparison is represented for SOR-2. Results showed a significant modification of the shape
of each box plot and a reduction of both mean and median concentrations via using FOPS. As it is possible to
observe, all the percentiles computed with FOPS are significantly lower than the corresponding data obtained
without the mitigation actions supposed. However, in some cases, the odour reduction did not prevent to exceed
OT1 and OT2 (such as the maximum values of 95th percentile occurring in July where the initial value was 6.81
o.u./m3 and with the fuzzy system it reduced only to 3.43 o.u./m3). In addition, by analysing SOR-2 results in Fig.
6a and Fig. 6b, the maximum values of the mean in May decreases with FOPS from 4.48 o.u./m3 (Fig. 6a) to 2.04
o.u./m3 (Fig. 6b) very similarly to the behaviour of the median in April, which decreased from 4.28 o.u./m3 (Fig.
6a) to 1.82 o.u./m3 (Fig. 6b).
Fig. 6 (a) Box plot of the odour concentrations for SOR-2 without FOPS. (b) Box plot of the odour concentrations
for SOR-2 with FOPS. . For each box plot, the mean, the median, and the 5th, 25th, 75th and 95th percentiles of the
odour concentrations computed during the whole simulation interval time and the corresponding NOEs are
reported
Finally, Fig. 7 shows the comparison for SOR-3. As depicted, also in this case, a reduction of all monthly values
of the concentrations mean with the fuzzy system was achieved. In particular, without any mitigation actions, the
maximum value of the mean of January is equal to 2.84 o.u./m3(Fig. 7a) but with FOPS this value is void as there
are no exceedances (Fig. 6b).
Similarly to SOR-1, also for SOR-3, the NOEs achieved with FOPS were significantly lower than the operational
condition without applying any mitigation actions. Indeed, only in October and November, NOEs value is higher
than 3 while for the other months, the exceedances were only 1 for most months and equal to 2 for March and
September, while null for January, February and April.
Fig. 7 (a) Box plot of the odour concentrations for SOR-3 without FOPS. (b) Box plot of the odour concentrations
for SOR-3 with FOPS. . For each box plot, the mean, the median, and the 5th, 25th, 75th and 95th percentiles of the
odour concentrations computed during the whole simulation interval time and the corresponding NOEs are
reported
To conclude, in Table 5, the Reduction Index, Ir and the Activation Index, Ia, are stated. A further evaluation of
the differences between the two indexes allowed to identify additional effective activations to avoid to exceed both
odour thresholds in all sensitive centres. The best values of Ir resulted equal to 70%, and it was obtained in SOR-
1, while Ia was equal to 60%; corresponding to the activation of the FOPS system for about 5,200 hours in a year.
11
5. Conclusions
In the present study, an optimal Fuzzy System, FOPS, . a real-time decision-making support tool for early warning
able to mitigate annoying odorous emissions deriving from waste landfills was proposed. The FOPS was
implemented in a MATLAB framework and CALPUFF software was used to predict the atmospheric dispersion
of the odorous emissions over time.
The FOPS was applied to a real case study of a MSW landfill, called “Cava del Cane”, located in the Metropolitan
Park of Naples hills. For the case study, three Sensitive Odour Receptors (SORs) were taken into account and two
Odour Thresholds (OTs) describing respectively odour annoyance and nuisance of the receptors exposed were
compared with the odour concentrations obtained via software dispersion simulations. The meteorological data are
used as input data to estimate the odour concentration in the computational domain via Calpuff and then used
inFOPS. An improvement of the model could be achieved by considering additional input variables as:
temperature, atmospheric stability class etc.
Results showed that the FOPS fuzzy system allowed for a substantial reduction of the concentrations in all SORs
considered in the area, with a number of FOPS activation higher than 50%. Moreover, the use of FOPS endorsed
a drastic reduction of the number of exceedances of the stated OTs in all SORs analysed. In particular, both for
SOR-1 and SOR-3, a significant reduction was achieved, by attesting a good effectiveness of such mitigation
system. In addition, the optimization of the active fuzzy system by using a GA algorithm led to a significant
improvement of it, different to the system previously proposed by the authors. The approach used showed how
fundamental is formalizing the management of the empirical rules adopted, and integrating those into an automated
active decision support system. In this way, it was possible to consider different changeable parameters (i.e.
weather conditions) in a specific rules framework that can represent the core of management activities of a MSW
landfill.
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